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DIAGNOSTIC ALGORITHM PARAMETER
OPTIMIZATION

TECHNICAL FIELD

The present invention generally relates to system diagnos-
tic systems and methods, and more particularly relates to a
process for optimizing the parameters of all of the deployed
diagnostic algorithms from a library of tunable diagnostic
algorithms to thereby provide improved better diagnostics.

BACKGROUND

Modern electronic and mechanical systems, such as air-
craft or other vehicles, are becoming increasingly complex.
Health management systems are often used to monitor vari-
ous health states of vehicle systems. Several factors contrib-
ute to the evolution of the health states. These factors include
damage accumulation, interaction between components in
the system, deviation from design characteristics, and the
influence of continuous or discrete events. These aspects can
be modeled and evaluated using prognostic and diagnostic
indictors in an effort to predict faults in the vehicle system.
However, the complexities of modern electronic and
mechanical systems have led to increasing needs for more
sophisticated health systems. Information about potential
faults enables such faults to be addressed before issues arise.
In general, this information may provide support for an opera-
tor or other individual for use in making decisions regarding
future maintenance, operation, or use of the system, and/or
for use in making other decisions.

Some health management systems that have been devel-
oped are configurable, in the sense that these health manage-
ment systems can be deployed across various applications.
Such health management systems typically rely on a library
of algorithms. Each of the algorithms within the library
includes one or more associated parameters that may need to
be customized for the application in which it is deployed.
Some of these parameters, such as pipe diameter, are readily
obtainable from asset/system specifications or measure-
ments. However, various other parameters, such as all data
driven parameters or certain model parameters, may not be
readily available, but need to be selected prior to systeny/asset
deployment. These latter parameters may be selected by spe-
cialized personnel, such as an algorithm expert, based on their
knowledge of the particular asset/system and a review of
associated asset/system historic data. As may be appreciated,
this latter parameter selection process may involve trial and
error, can be relatively time consuming, is potentially prone to
suboptimal selection of parameters, and relies on specialized
personnel for parameter selection. Optimization of param-
eters generally relies on an optimization expert to formulate
an appropriate objective function for a specific optimization
problem. This invention makes parameter optimization for
diagnostic/prognostic problem usable to non-experts by
defining a generic objective function for all detection prob-
lems of this sort.

Hence, there is a need for process of selecting parameters
for diagnostic algorithms within a library of diagnostic algo-
rithms that does not rely on specialized personnel, and thus
does not involve human-effected trial and error, and/or is
relatively less time consuming than current methods, and/or
is less prone to suboptimal selection. The present invention
addresses at least these needs.

BRIEF SUMMARY

In one embodiment, a method for optimizing parameters of
a plurality of selected diagnostic and/or prognostic algo-
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2

rithms in a tunable diagnostic algorithm library includes sup-
plying a plurality of sensed data sets to each of the diagnostic
algorithms, where each of the sensed data sets having an
actual diagnostic label associated therewith. A value for each
parameter of each of the diagnostic algorithms that are to be
optimized is supplied. A computed diagnostic label is gener-
ated for each of the sensed data sets using each of the selected
algorithms, a fault model, and the values for each parameter,
each of the computed diagnostic labels and each of the actual
diagnostic labels are supplied to a generic objective function,
to thereby calculate an objective function value, and the value
of'one or more of the parameters is varied using an optimiza-
tion routine that repeats certain of these steps until the objec-
tive function value is minimized.

In another embodiment, a method for optimizing param-
eters of one or more diagnostic algorithms that are configured
to supply one or more computed fault labels includes supply-
ing a plurality of sensed data sets to each of the one or more
diagnostic algorithms, where each of the sensed data sets
having an actual fault label associated therewith. A value for
each parameter of each of the one or more diagnostic algo-
rithms that is to be optimized is supplied. All possible com-
puted labels that each of the one or more diagnostic algo-
rithms can generate are determined. A confusion matrix
having a plurality of entries and that includes a separate row
for each of the possible computed fault labels and a separate
column for each actual fault label is generated. A relative
weight value is assigned to each entry in the confusion matrix
to thereby generate a weighting matrix (W). A computed fault
label is generated for each of the sensed data sets using each
of'the one or more diagnostic algorithms and the initial values
for each parameter, where each computed fault label com-
prises a probability vector. Each of the computed fault labels,
each of the actual fault labels, and the weighting matrix are
supplied to a generic objective function, to thereby calculate
an objective function value. The value of one or more of the
parameters is varied using an optimization routine that
repeats certain of these steps until the objective function value
is minimized.

In yet another embodiment, a system for optimizing
parameters of a plurality of diagnostic algorithms in a tunable
diagnostic algorithm library includes a processor that is con-
figured to implement each of the diagnostic algorithms and a
fault model, and to receive a plurality of sensed data sets, each
having an actual diagnostic label associated therewith, and a
value for each parameter of each of the diagnostic algorithms
that are to be optimized. The processor is further configured to
generate a computed diagnostic label for each of the sensed
data sets using each of the diagnostic algorithms and the
initial values for each parameter, supply each of the computed
diagnostic labels and each of the actual diagnostic labels to a
generic objective function, to thereby calculate an objective
function value; and selectively vary the value of one or more
of the parameters using an optimization routine that repeats
various process steps until the objective function value is
minimized.

Furthermore, other desirable features and characteristics of
the system and method described herein will become appar-
ent from the subsequent detailed description and the
appended claims, taken in conjunction with the accompany-
ing drawings and the preceding background.

BRIEF DESCRIPTION OF THE DRAWINGS

The present invention will hereinafter be described in con-
junction with the following drawing figures, wherein like
numerals denote like elements, and wherein:
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FIG. 1 depicts a functional block diagram of an embodi-
ment of a system that may be used to implement a process to
optimize the parameters of a plurality of diagnostic algo-
rithms in a tunable diagnostic algorithm library;

FIG. 2 depicts a functional block diagram of a portion of an
exemplary diagnostic algorithm library and a fault model;

FIG. 3 depicts a simplified representation of a parameter
optimization process that may be implemented in the system
of FIG. 1;

FIGS. 4 and 5 depict examples of a confusion matrix and a
weighting matrix, respectively; and

FIG. 6 depicts an example of a potential computed diag-
nostic label.

DETAILED DESCRIPTION

The following detailed description is merely exemplary in
nature and is not intended to limit the invention or the appli-
cation and uses of the invention. As used herein, the word
“exemplary” means “serving as an example, instance, or
illustration.” Thus, any embodiment described herein as
“exemplary” is not necessarily to be construed as preferred or
advantageous over other embodiments. All of the embodi-
ments described herein are exemplary embodiments provided
to enable persons skilled in the art to make or use the inven-
tion and not to limit the scope of the invention which is
defined by the claims. Furthermore, there is no intention to be
bound by any expressed or implied theory presented in the
preceding technical field, background, brief summary, or the
following detailed description.

Referring first to FIG. 1, a functional block diagram of a
system 100 for implementing a process to optimize the
parameters of a plurality of diagnostic algorithms in a tunable
diagnostic algorithm library. The depicted system 100
includes an historic data source 102 and one or more config-
urable processors 104. The historic data source 102 has
labeled historic data stored therein. The labeled historic data
comprise, more specifically, a plurality of sensed data sets
106 that, as will be explained further below, each have an
associated actual diagnostic label 108.

It will be appreciated that the historic data source 102 may
be variously configured and implemented. For example, the
historic data source 102 may be implemented using any suit-
able data storage device. Moreover, the labeled historic data
may be stored in the historic data source 102 in accordance
with any one of numerous data storage schema.

The processor 104, while depicted for clarity and ease of
illustration and description as being implemented as a single
processor 104, may be implemented using a plurality of suit-
able processors 104, if needed or desired. The processor 104
is coupled to the historic data source 104, and is configured to
selectively retrieve sensor data sets 106 and the associated
actual diagnostic labels 108 therefrom. As FIG. 1 also depicts,
the processor 104 is additionally configured to implement
end-to-end diagnostics 112 and a performance evaluator 114.
The end-to-end diagnostics 112, implementing a tunable
algorithm library 116 and a fault model 118, generates com-
puted diagnostic labels 122, and supplies these computed
diagnostic labels 122 to the performance evaluator 114.

The tunable algorithm library 116 comprises a plurality of
diagnostic algorithms 116-1, 116-2, 116-3, 116-N. Each of
the diagnostic algorithms in the library 116 has one or more
parameters 124 associated therewith that need to be custom-
ized for the application in which the end-to-end diagnostics
112 is to be deployed. Before proceeding further, it should be
noted that the sensor data sets 106 and the associated actual
diagnostic labels 108 that are supplied from the historic data
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source 102 to the processor 104 are associated with the same
application in which the end-to-end diagnostics 112 is to be
deployed. Thus, if the end-to-end diagnostics 112 is to be
deployed for a particular type of engine, the sensor data sets
106 and the associated actual diagnostic labels 108 will be
from this particular type of engine.

The performance evaluator 114 receives the computed
diagnostic labels 122 and the actual diagnostic labels 108 and
is configured, in response thereto, to evaluate the perfor-
mance of the end-to-end diagnostics 112 and, based on the
evaluated performance, to selectively vary one or more of the
parameters 124. As will be described in more detail further
below, the performance evaluator 114 implements this func-
tionality by computing a performance score using a generic
objective function. As will also be described in more detail
further below, the processor 104 iteratively implements the
end-to-end diagnostics 112 and the performance evaluator
114, using the retrieved sensor data sets 106 and associated
actual diagnostic labels 108, until the computed performance
score is minimized. When the computed performance score is
minimized, this indicates the parameters 124 associated with
the diagnostic algorithms 116 have been optimized (or
“tuned”) for the end-use application.

A more detailed description of the generalized process that
was described above and that is at least partially implemented
in the processor 104 will be described in more detail momen-
tarily. Before doing so, however, a brief overview of the
functionality implemented by the diagnostic algorithms 116
and the fault model 118 will be provided. In doing so, refer-
ence should be made to FIG. 2, which depicts a functional
block diagram of a portion of the diagnostic algorithm library
116 and the fault model 118. It should be noted that, for ease
of description, the depicted diagnostic algorithm library 116
includes only three algorithms 116-1, 116-2, 116-3. It should
additionally be noted that m1, m2, and m3 are measurements
from the selected data sets while p1 thru p5 and th1 thru th5
are algorithm parameters.

The diagnostic algorithms 116 are each configured to com-
pute a health indicator (HI). The computed HIs are binary, and
represent a true (or healthy) state or a false (or unhealthy)
state. The computed HIs are supplied to the fault model 118,
which maps the HIs to computed fault labels F1, F2, F3, . ..
FN. More specifically, given a set of Hls, the fault model 118
computes a list of fault labels and associated probabilities (or
ranking) as the current diagnostic estimate of the system.

Referring now to FIG. 3, the parameter optimization pro-
cess 300 is depicted and will now be described. The depicted
process 300 includes various pre-processing steps that may be
carried out by a user prior to any automated processing that is
implemented in the processor 104. The pre-processing steps
include selecting the sensed data sets for which the perfor-
mance of the diagnostic algorithms 116 will be evaluated and
tuned, selecting one or more diagnostic algorithms from the
diagnostic algorithm library 116, generating a weighting
matrix, and supplying initial values for each parameter 124 of
the selected diagnostic algorithms 116. Each of these pre-
processing steps will now be described.

The sensed data sets 106 (e.g., 106-1, 106-2, 106-3, . . .
106-N) each comprise actual sensor measurement(s) (e.g.,
ml, m2, m3, ... mN) that the algorithms 116 use to compute
an HI. Each of the sensed data sets 106 also includes an actual
diagnostic label 108. As indicated in FIG. 3, the diagnostic
label may be a healthy label (“H”) or any one of numerous
actual fault labels (e.g., “F1” or “F2” ... or FN). The healthy
label (“H”) means that the sensed data set is indicative of a
healthy system, whereas a fault label means that the sensed
data set is indicative of a particular system fault. Thus, a user
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reviews all of the data sets 106 and determines which ones
have actual fault labels, and what those fault labels are. The
user then determines which of the algorithms in the algorithm
library 116 can compute HIs that the fault model 118 will map
to these same, albeit computed, fault labels. It should be noted
that the healthy label is, by definition, not an actual fault label.
Hence, healthy labels are not considered for this step even
though the healthy label data is needed for the optimization
step.

In order to select one or more diagnostic algorithms from
the diagnostic algorithm library 116 to be evaluated and
tuned, it should be readily understood from FIG. 2 and the
associated description above that the set of possible computed
faultlabels (F1, F2, F3, . . . FN) that the fault model 118 maps
from each of the HIs that are computed by each diagnostic
algorithm in the diagnostic algorithm library 116 are known
ahead of time. Based on the fault model mapping that is
implemented in the fault model 118, a user may thus divide
the HIs and the fault labels to which the HIs are mapped into
the smallest possible self-contained independent groups, and
then select the associated diagnostic algorithms 116. In order
to provide an example of this algorithm selection technique,
reference should be made to the simplified embodiment
depicted in FIG. 2. In this simplified embodiment, it is seen
that computed fault label F1 may be mapped from two dif-
ferent HIs—HI1 and HI2; computed fault labels F2 and F3
may each be mapped from a single HI-—HI2; and computed
fault labels F4 and F5 may each be mapped from a two
different HIs—HI3 and HI14. Thus, the depicted Hls and fault
labels may be divided into two self-contained independent
groups—a first group 202 and a second group 204. It should
be noted that the tunable parameters selected for the two
groups, viz., (p1, p2, p3, thl, th2) and (p5, thd, th5) do not
overlap. The HIs in the first group 202 (HI1, HI2) may be
computed from two diagnostic algorithms 116-1 and 116-2,
and the HIs in the second group 204 (HI3, HI4) may be
computed from a single diagnostic algorithm 116-3.
Although this process, which is referred to herein as “divide
and conquer,” is optional, it should be noted that the problem
division will typically make the subsequent optimization
much more efficient.

In order to generate the weighting matrix (W), the proces-
sor 104, based on the fault model, determines all of the pos-
sible computed diagnostic labels that the set of the user
selected diagnostic algorithms 116 can generate. The proces-
sor 104 adds the healthy label (H) to this set of computed
diagnostic labels to generate what are referenced in FIGS. 4
and 5 as “Computed Annotations.” Thus, continuing with the
example depicted in FIG. 2, if the algorithms 116-1, 116-2
associated with the first group 202 are selected, then all of the
possible computed diagnostic labels that can be generated
include F1, F2, and F3. Similarly, if the algorithm 116-3
associated with the second group 204 is selected, then all of
the possible computed diagnostic labels that can be generated
include F4 and F5. If it is assumed that the first group 202 is
selected, then the Computed Annotations include H, F1, F2,
and F3. The user then reviews the selected data sets 106 and
removes any that include an actual diagnostic label 108 that
differs from any of the Computed Annotations. The actual
diagnostic labels 108 associated with the selected data sets
106 are referenced in FIGS. 4 and 5 as “Actual Annotations.”

The Computed Annotations and the Actual Annotations are
then used to generate what is referred to herein as a confusion
matrix. The confusion matrix 400, which is depicted in FIG.
4, has a plurality of entries, and includes a separate row for
each of the Computed Annotations (e.g., possible computed
diagnostic labels) and a separate column for each of the
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Actual Annotations (e.g., actual diagnostic labels). It will be
appreciated that the number of columns in the confusion
matrix 400 will be, at most, the same as the number of rows.
It could, however, have less number of columns than rows.
This may occur when, for example, the selected data sets 106
do not include one or more diagnostic labels 108 that match
the Computed Annotations. This is the case in the depicted
confusion matrix 400, which is a 4x3 matrix, where the
selected data sets 106 did not include an actual diagnostic
label of F3.

After the rows and the columns of the confusion matrix 400
are defined, the user may then supply the weighting matrix
(W) by assigning a weight value to each entry in the confusion
matrix 400. FIG. 5 depicts an exemplary embodiment of a
weighting matrix (W) 500 that has the same dimensions as the
confusion matrix 400 depicted in FIG. 4. The weight values
that are assigned to each entry are based on user (or other
expert personnel) experience, and on the corresponding
behavior in the confusion matrix 400 that the user wants to
encourage or discourage during parameter optimization.
Typically, one would want to encourage correct detection and
perhaps penalize incorrect detection. As may be appreciated,
the user will always want to encourage the diagonal elements.
This is because diagonal elements connote a match between a
computed diagnostic label and an actual diagnostic label,
whereas off-diagonal elements connote a mismatch, which
implies a false, missed, or otherwise incorrect fault detection.
Thus, the diagonal elements in the weighting matrix (W) may
typically have magnitudes that are relatively larger than the
off-diagonal elements. However, as the exemplary weighting
matrix (W) 500 depicts, diagonal elements need not have the
same magnitudes. Although these behaviors are encouraged
relative to those represented by non-diagonal elements, the
user may, for various reasons, need or want to encourage
some diagonal element behaviors more than others.

In addition to the differing magnitudes, it is also seen that
the behaviors the user wants to encourage are given negative
values, and the behaviors that the user wants to discourage are
given positive values. This is because of the manner in which
the previously-mentioned generic objective function is
implemented in the performance evaluator 114.

For each of the selected algorithms 116, the user deter-
mines the specific parameters 124 to tune, and supplies an
initial value for each of these parameters 124. The user may
also provide an upper and a lower bound for each of these
parameters 124, and the processor 104 normalizes each
parameter 124 using the associated bounds. Referring once
again to FIG. 2, and assuming that the algorithms 116-1,
116-2 in the first group 202 are selected, it may be readily seen
that the parameters 124 to be optimized (or tuned) include p1,
P2, p3, thl, and th2. It will be appreciated that these specific
labels (e.g., pl, p2, p3, thl, th2), as well as the number of
labels, are merely used for illustrative purposes. In other
embodiments, and indeed with other diagnostic algorithms
116, the particular parameters, numbers of parameters, and
the labels that may be used to represent these parameters, may
all vary.

After the pre-processing steps are completed, the selected
data sets 106, the weighting matrix 500, and the initial values
of the parameters 124 may be supplied to the processor 104
for the automated processing portion of the overall process.
The automated processing uses the values of the parameters
124 to execute the user selected diagnostic algorithms 116 for
each of'the selected data sets 106, and thereby computes Hls
for each data set 106. Again, assuming that the diagnostic
algorithms 116-1, 116-2 in the second group 202 were
selected, it may be readily appreciated, upon viewing FIGS. 2



US 8,768,668 B2

7

and 3, that diagnostic algorithm 116-1 computes HI1 using
actual sensor measurements m1 and m2, and parameters pl,
p2, and thl. Similarly, diagnostic algorithm 116-2 computes
HI2 using actual sensor measurements m2 and m3, and
parameters p1, p3, and th2. The computed Hls are passed to
the fault model 118, which maps the Hls to computed diag-
nostic labels. As noted previously, the fault model 118 gen-
erates the computed diagnostic labels in terms of a probability
(normalized ranking) vector corresponding to the computed
annotations. An example of a potential computed diagnostic
label 600 is depicted in FIG. 6.

The computed diagnostic labels 600, the actual labels 108,
and the weighting matrix (W) 500 are all supplied to the
previously mentioned generic objective function 302, which,
as was also previously mentioned, may be implemented in the
performance evaluator 114. The generic objective function
302 computes an objective function value. In order to do so,
the generic objective function 302 first computes a normal-
ized score S, for each of the Actual Annotations. More
specifically, for each actual diagnostic label a(k) in the Actual
Annotations, the generic objective function 302 determines
which data sets x(m) of the selected data sets 106 have this
label. As an example, assume that out of all of the selected
data sets 106, there are a total of j data sets that have a
particular actual diagnostic label a(k), and that for each of
these j data sets the fault model 118 generates a computed
diagnostic label in terms of probability vector P_ .. For each
of these data sets x(m), a normalized score S, for the actual
annotation a(k) is computed, as indicated in the following
equation, by summing up the computed probability vectors
P, (yand dividing by the number of data sets (e.g., j) that have

X

the particular actual diagnostic label a(k):

2 P, x(m)
m=1 )

Satk) =

As may be appreciated, each normalized score S, is a
column vector that corresponds to a particular Actual Anno-
tation a(k) and the set of Computed Annotations, and the sum
of this vector is 1. After all of the normalized scores S, ;, are
computed, they are arranged into a score matrix or normal-
ized confusion matrix (S) that exactly matches the dimen-
sions of the weighting matrix (W) 500. The score matrix (S)
is a probability matrix and clearly shows that for each actual
diagnostic label a(k) in the selected data sets 106, and for the
current values of the parameters 124, what the probabilities
are that the end-to-end diagnostics 112 will generate com-
puted diagnostic labels in the Computed Annotations. The
generic objective function computes the objective function
value (OFV) by taking the row and column sum of the ele-
ment-wise multiplication of the weighting matrix (W) and the
score matrix (S), as shown in the equation below:

q

Z SiWir,

=1

OFV =

M\\x

i

where, as noted from the data set selection process, q=p.

In alternative embodiments, it may be desired to ensure that
the absolute minimum value of the objective function value
will always be zero. For such alternative embodiments, the
following equation is used to calculate the objective function
value:
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9
SuWiy —Z Wu.
=1

e

OFV:Z

P
i=1

The automated processing also implements an optimiza-
tion routine 304 to vary the value of one or more of the
parameters 124, to thereby minimize the objective function
value. It will be appreciated that any one of numerous known
optimization routines, such as grid search, interior point
methods, genetic optimization, etc. may be used.

The system and method disclosed herein for selecting
parameters 124 for diagnostic algorithms within a library of
diagnostic algorithms 116 does not rely solely on specialized
personnel, and thus does not involve human-effected trial and
error. The system and method are relatively less time con-
suming than current methods, and are less prone to subopti-
mal selection. Although the process 300 was described in the
context of only two diagnostic algorithms (e.g., 116-1,116-2)
and associated parameters 124 and data, it should be appre-
ciated that this was done merely for ease of depiction and
explanation. The process 300 may be extended to simulta-
neously optimize the parameters 124 of any number of diag-
nostic algorithms 116.

Those of skill in the art will appreciate that the various
illustrative logical blocks, modules, circuits, and algorithm
steps described in connection with the embodiments dis-
closed herein may be implemented as electronic hardware,
computer software, or combinations of both. Some of the
embodiments and implementations are described above in
terms of functional and/or logical block components (or mod-
ules) and various processing steps. However, it should be
appreciated that such block components (or modules) may be
realized by any number of hardware, software, and/or firm-
ware components configured to perform the specified func-
tions. To clearly illustrate this interchangeability of hardware
and software, various illustrative components, blocks, mod-
ules, circuits, and steps have been described above generally
in terms of their functionality. Whether such functionality is
implemented as hardware or software depends upon the par-
ticular application and design constraints imposed on the
overall system. Skilled artisans may implement the described
functionality in varying ways for each particular application,
but such implementation decisions should not be interpreted
as causing a departure from the scope of the present invention.
For example, an embodiment of a system or a component may
employ various integrated circuit components, €.g., memory
elements, digital signal processing elements, logic elements,
look-up tables, or the like, which may carry out a variety of
functions under the control of one or more microprocessors or
other control devices. In addition, those skilled in the art will
appreciate that embodiments described herein are merely
exemplary implementations.

The various illustrative logical blocks, modules, and cir-
cuits described in connection with the embodiments dis-
closed herein may be implemented or performed with a gen-
eral purpose processor, a digital signal processor (DSP), an
application specific integrated circuit (ASIC), a field pro-
grammable gate array (FPGA) or other programmable logic
device, discrete gate or transistor logic, discrete hardware
components, or any combination thereof designed to perform
the functions described herein. A general-purpose processor
may be a microprocessor, but in the alternative, the processor
may be any conventional processor, controller, microcontrol-
ler, or state machine. A processor may also be implemented as
a combination of computing devices, e.g., a combination of a
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DSP and a microprocessor, a plurality of microprocessors,
one or more microprocessors in conjunction with a DSP core,
or any other such configuration.

The steps of amethod or algorithm described in connection
with the embodiments disclosed herein may be embodied
directly in hardware, in a software module executed by a
processor, or in a combination of the two. A software module
may reside in RAM memory, flash memory, ROM memory,
EPROM memory, EEPROM memory, registers, hard disk, a
removable disk, a CD-ROM, or any other form of storage
medium known in the art. An exemplary storage medium is
coupled to the processor such the processor can read infor-
mation from, and write information to, the storage medium.
In the alternative, the storage medium may be integral to the
processor. The processor and the storage medium may reside
in an ASIC. The ASIC may reside in a user terminal. In the
alternative, the processor and the storage medium may reside
as discrete components in a user terminal

In this document, relational terms such as first and second,
and the like may be used solely to distinguish one entity or
action from another entity or action without necessarily
requiring or implying any actual such relationship or order
between such entities or actions. Numerical ordinals such as
“first,” “second,” “third,” etc. simply denote different singles
of a plurality and do not imply any order or sequence unless
specifically defined by the claim language. The sequence of
the text in any of the claims does not imply that process steps
must be performed in a temporal or logical order according to
such sequence unless it is specifically defined by the language
of the claim. The process steps may be interchanged in any
order without departing from the scope of the invention as
long as such an interchange does not contradict the claim
language and is not logically nonsensical.

Furthermore, depending on the context, words such as
“connect” or “coupled to” used in describing a relationship
between different elements do not imply that a direct physical
connection must be made between these elements. For
example, two elements may be connected to each other physi-
cally, electronically, logically, or in any other manner,
through one or more additional elements.

While at least one exemplary embodiment has been pre-
sented in the foregoing detailed description of the invention,
it should be appreciated that a vast number of variations exist.
It should also be appreciated that the exemplary embodiment
or exemplary embodiments are only examples, and are not
intended to limit the scope, applicability, or configuration of
the invention in any way. Rather, the foregoing detailed
description will provide those skilled in the art with a conve-
nient road map for implementing an exemplary embodiment
of the invention. It being understood that various changes
may be made in the function and arrangement of elements
described in an exemplary embodiment without departing
from the scope of the invention as set forth in the appended
claims.

What is claimed is:

1. A method for optimizing parameters of a plurality of
selected diagnostic algorithms in a tunable diagnostic algo-
rithm library, the method comprising the steps of:

a) supplying a plurality of sensed data sets to each of the
selected algorithms implemented in a processor, each of
the sensed data sets having an actual diagnostic label
associated therewith;

b) supplying, to the processor, a value for each parameter of
each of the selected algorithms that is to be optimized;
and

in the processor:
¢) generating a computed diagnostic label for each of the

sensed data sets using each of the selected algorithms,
a fault model, and the value for each parameter;
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d) supplying each of the computed diagnostic labels and
each of the actual diagnostic labels to a generic objec-
tive function, to thereby calculate an objective func-
tion value; and

e) varying the value of one or more of the parameters
using an optimization routine that repeats steps c¢)-¢)
until the objective function value is minimized.

2. The method of claim 1, further comprising:

determining, in the processor and based on the fault model,

all possible computed diagnostic labels that the selected
algorithms will generate;

defining rows and columns of a confusion matrix having a

plurality of entries and that includes a separate row for

each of the possible computed diagnostic labels and a

separate column for each actual diagnostic label; and

assigning a weight value to each entry in the confusion

matrix to thereby generate a weighting matrix (W).

3. The method of claim 2, wherein each computed diag-
nostic label comprises a probability vector corresponding to
each of the possible computed diagnostic labels.

4. The method of claim 3, further comprising generating a
normalized confusion matrix (S) based on each of the actual
diagnostic labels and using each of the probability vectors.

5. The method of claim 4, wherein the step of generating a
normalized confusion matrix comprises calculating a normal-
ized probability vector of each computed diagnostic label for
each of the actual diagnostic labels.

6. The method of claim 4, wherein:

the weighting matrix (W) and the normalized confusion

matrix (S) are each pxq matrices; and

the objective function value is calculated using:

P4
objective function value = Z Z SiWy.
=1 =1

7. The method of claim 4, wherein:

the weighting matrix (W) and the normalized confusion
matrix (S) are each pxq matrices; and

the objective function value is calculated using:

P a q
objective function value = Z Z SyWiy — Z Wy.
=1 =1 =1

8. A method for optimizing parameters of one or more
diagnostic algorithms that are configured to supply one or
more computed fault diagnostic labels, comprising the steps
of:

a) supplying a plurality of sensed data sets to each of the
one or more diagnostic algorithms implemented in a
processor, each of the sensed data sets having an actual
diagnostic label associated therewith;

b) supplying, to the processor, a value for each parameter of
each of the one or more diagnostic algorithms that is to
be optimized;

c¢)determining, in the processor and based on a fault model,
all possible computed diagnostic labels that each of the
one or more diagnostic algorithms will generate;

d) generating, in the processor, a confusion matrix having
aplurality of entries and that includes a separate row for
each of the possible computed diagnostic labels and a
separate column for each actual diagnostic label;
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e) assigning, in the processor, a relative weight value to
each entry in the confusion matrix to thereby generate a
weighting matrix (W); and

in the processor:

f) generating a computed diagnostic label for each of the 5
sensed data sets using each of the one or more diag-
nostic algorithms and the value for each parameter,
each computed diagnostic label comprising a prob-
ability vector;

g) supplying each of the computed diagnostic labels,
each of the actual diagnostic labels, and the weighting
matrix to a generic objective function, to thereby cal-
culate an objective function value; and

h) varying the value of one or more of the parameters
using an optimization routine that repeats steps f)-h)
until the objective function value is minimized.

9. The method of claim 8, further comprising:

generating a normalized confusion matrix (S) based on
each of the actual diagnostic labels and using each of the
probability vectors.

10. The method of claim 9, wherein the step of generating 20

a normalized confusion matrix comprises calculating a nor-
malized score for each of the actual diagnostic labels.

11. The method of claim 10, wherein:
the weighting matrix (W) and the normalized confusion
matrix (S) are each pxq matrices; and

25
the objective function value is calculated using:
P 4
bjective functi alue = SuWi.
objective function value ; ; Wy 0
12. The method of claim 10, wherein:
the weighting matrix (W) and the normalized confusion
matrix (S) are each pxq matrices; and 35
the objective function value is calculated using:
P q q
objective function value = Z Z SyuWiy — Z Wy.
i=l =1 =1 40
13. A system for optimizing parameters of a plurality of
diagnostic algorithms in a tunable diagnostic algorithm
library, the system comprising: 45
aprocessor configured to implement each of the diagnostic
algorithms and a fault model, and to receive (i) a plural-
ity of sensed data sets, each having an actual diagnostic
label associated therewith, and (ii) a value for each
parameter of each of the diagnostic algorithms that is to “

be optimized, the processor further configured to:

a) generate a computed diagnostic label for each of the
sensed data sets using each of the diagnostic algorithms
and the value for each parameter;

12

b) supply each of the computed diagnostic labels and each
of the actual diagnostic labels to a generic objective
function, to thereby calculate an objective function
value; and
c) selectively vary the value of one or more of the param-
eters using an optimization routine that repeats steps
a)-c) until the objective function value is minimized.
14. The system of claim 13, wherein:
the processor is further configured to receive a weighting
matrix (W); and
the weighting matrix is generated by:
determining, in the processor and based on the fault
model, all possible computed diagnostic labels that
each of the diagnostic algorithms will generate,

generating a confusion matrix having a plurality of
entries and that includes a separate row for each of the
possible computed diagnostic labels and a separate
column for each actual diagnostic label, and

assigning a weight value to each entry in the confusion
matrix.

15. The system of claim 14, wherein each computed diag-
nostic label comprises a probability vector corresponding to
each possible computed diagnostic label.

16. The system of claim 15, wherein the processor is fur-
ther configured to generate a normalized confusion matrix (S)
based on each of the actual diagnostic labels and using each of
the probability vectors.

17. The system of claim 16, wherein the processor is fur-
ther configured to calculate a normalized score for each of the
actual diagnostic labels.

18. The system of claim 16, wherein:

the weighting matrix (W) and the normalized confusion
matrix (S) are each pxq matrices; and

the processor is configured to calculate the objective func-
tion value using:

P4
objective function value = Z Z SitWi.
=1 =1

19. The system of claim 16, wherein:

the weighting matrix (W) and the normalized confusion
matrix (S) are each pxq matrices; and

the processor is configured to calculate the objective func-
tion value using:

P4 q
objective function value = Z Z SyWiy — Z Wy.
i=1 =1 =1



